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Abstract
Swarm robotic systems are currently being used to address many real-world problems. One in-
teresting application of swarm robotics is the self-organized formation of structures and shapes.
Some of the key challenges in the swarm robotic systems include swarm size constraint, random
motion, coordination among robots, localization, and adaptability in a decentralized environment.
Rubenstein et al. presented a system (“Programmable self-assembly in a thousand-robot swarm”,
Science, 2014) for thousand-robot swarm able to form only solid shapes with the robots in aggre-
gated form by applying the collective behavior algorithm. Even though agent-based approaches
have been presented in various studies for self-organized formation, however these studies lack
agent-based modeling (ABM) approach along with the constraints in term of structure complexity
and heterogeneity in large swarms with dynamic localization. The cognitive agent-based comput-
ing (CABC) approach is capable of modeling such self-organization based multi-agents systems
(MAS). In this paper, we develop a simulation model using ABM under CABC approach for
self-organized shape formation in swarm robots. We propose a shape formation algorithm for
validating our model and perform simulation-based experiments for six different shapes including
hole-based shapes. We also demonstrate the formal specification for our model. The simulation
result shows the robustness of the proposed approach having the emergent behavior of robots for
the self-organized shape formation. The performance of the proposed approach is evaluated by
robots convergence rate.
Keywords: Swarm robotics, Self-organization, Agent-based modeling, Cognitive agent-based
computing, Robustness, Emergent behavior
1. Introduction
A swarm robotics based systems have received a significant level of interest from the research
community. These systems are inspired by the biological swarm, having social and collective be-
havior for achieving the task much bigger than their individual working capacity as discussed by
Oh et al. in [1]. The same collective phenomenon is being used in the robotics field for performing
everyday tasks in which group of robots interacts with each other to achieve global behavior as
mentioned by Schmickl and Crailsheim in [2]. In this regard, much focus is being paid to the
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formation of structures and shapes using the self-organization process in swarm robotics.
Self-organization in a swarm robotics for the formation of diverse structures and patterns in
a sustainable assembly is a key challenge for the researchers. It is purely based on the coordina-
tion and cooperation between robots as presented by Haghighi and Cheah in [3], to produce and
maintain the formation of a specific shape without any centralized controller. The aggregation
and segregation of agents [4] along with their adaptive behavior are usually involved in achieving
complex symmetries through the organization process in swarm robotics.
A number of challenges are faced in the swarm robotic system for the self-organized shape for-
mation. These challenges include the heterogeneous behavior of robots in a swarm, localization
schemes described by deS´a et al. in [5], adaptive behavior of robots in a decentralized environ-
ment, coordination among robots, and controlling the self-organized formation as presented by
Cheng et al. in [6]. Numerous studies show various techniques for addressing mentioned chal-
lenges in the context of implementation and control of the self-organized formation process in
swarm robotics system.
The self-assembly based system proposed for the formation of shapes by Rubenstein et al. in
[7], in which experiment carried out for the formation process by applying the collective behavior
algorithm. However, system is limited only to solid shapes with no holes, thus unable to make
complex and diverse symmetries. The robots placed in an aggregated form having no dynamic
localization and they move sequentially with no randomness. These issues are reported by Niazi
in [8].
Another work regarding self-organization of agents presented by Copenhagen et al. for the
group of robots in [9]. In this work, agents in a swarm made clusters through aggregation and
segregation based on their alignments. While the proposed approach is dependent on the num-
ber of agents in a swarm and formed cluster contain both aligned and non-aligned agents in a
two-dimensional space. In table 1, we analyze the mentioned systems regarding technique used,
robustness of the system, and emergent behavior of swarm for the self-organization process.
Table 1: Analysis for self-organization process achieved by the swarm robotics systems presented in [7] and [9].
Ref. ABM Swarmlimit
Dynamic
localization
Random
motion
Complex
shapes
Obstacle-
avoidance
Heterogeneous
swarm
[7] 7 3 7 7 7 7 3
[9] 7 3 3 3 7 3 3
Most of the issues presented in the previous work regarding self-organized shape formation can
be resolved by developing ABM for MAS in the simulation-based environment. MAS is much
helpful for observing behavioral variability in swarm robotic system for the formation of struc-
tures and shapes. The complex model-based systems developed in previous study using CABC in
MAS [10], can portray the self-organization process of swarm robots. These systems are capable
of making robust and sustainable self-organization having the dynamic and adaptive behavior of
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robots in a swarm for the complex structures.
Our main contributions are as follows:
1. We develop a simulation model for the self-organized shape formation task of a swarm
robotic system using ABM under CABC approach.
2. We propose a self-organized shape formation algorithm to validate our model.
3. We also demonstrate the formal specifications of our model.
The remaining structure of the paper is organized as follows: The section 2 shows the background
and basic knowledge. In section 3, we include our research methodology for this study. The
section 4 presents results and discussion for simulation-based experiments along with previous
studies and their comparison. A conclusion and the future work are described in the section 5.
2. Background
In this section, we discuss some of the concepts like swarm intelligence, swarm robotics using
swarm intelligence, self-organization in swarm robots, ABM, and CABC.
2.1. Swarm intelligence
Swarm intelligence refers to the collective behavior of decentralized artificial system having a
bio-inspired approach as mentioned in [11] by Karaboga et al. It is the soft form of a biological
swarm exists in nature. Besides the structure and capabilities of the individual entity in a swarm,
the global behavior is achieved through the social interactions among local individuals. It is not
essential that a unique agent is useless but much simple as compared to the resultant intelligence
or outcome behavior. The swarm intelligence allows the system to get the complete benefit from
the swarm without having any sort of centralized control as discussed by Tan and Zheng in [12].
2.2. Swarm robotics
A swarm robotics field follows the swarm intelligence approach in which multiple robots in-
teract with each other to achieve collective behavior. The robots in a swarm have autonomous
behavior and they act in a cooperative manner to achieve tremendously complex tasks as com-
pared to their physical structure and capacity as suggested by Barca and Sekercioglu in [13]. A
design for coordination of the heterogeneous robots swarm is presented by Nishikawa et al. in
[14]. The swarm robotics based systems are being used to perform several tasks such as partition-
ing of work, aggregation, pattern formation [15], object sorting, navigation or path planning [16],
localization, and collective manipulation. These sort of tasks are also given in a comprehensive
study by Bayindir in [17].
2.3. Self-organization
Self-organization process is used to attain overall assembly, which comes after local interac-
tion among initially disordered components of the system [18]. It is a spontaneous process and
is not organized by any agent externally. The resultant organization is completely decentralized
and spread over all the components of the system, thus making it sustainable and robust [19]. The
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strategies for the self-organization are discussed by OG´rady et al. in [20] for the group of mobile
robots.
The process of organization for the swarm intelligence based swarm robotic system is being
used for several purposes including the formation of structures. Such self-organized formation
includes the aggregation or segregation of swarm robots by using odometry [21] by Vardy and
cue-based aggregation by Arvin and Turgut in [22]. The self-organized path formation discussed
in [23] by Sperati et al. and by Nouyan et al. in [24]. While producing patterns through a group
of robots mentioned in the review by Bahceci et al. in [25].
2.4. Agent-based modeling
An ABM involves actions, characteristics of distinct agents and their interactions for describ-
ing real-world scenarios or any complex systems. An agent is a unique entity of the simulation
having autonomous behavior, properties, and states. Agent-based representations using ABM can
more easily be understood than mathematical models, it is because ABM created by simple rules
regarding change in behavior and individual entities of the system. An ABM can also be used to
represent the self-organization process by making a computational model of the MAS [26]. Mod-
eling of the self-organization in complex systems can be possible by using flexible, generic and
effective ABM tools [27].
2.5. Cognitive agent-based computing
The CABC framework is capable of making complex computational models based on the au-
tonomous behavior of multi-agents. This involves the interaction and cooperation among agents
based on learning techniques so to relate real-world complex systems. This was proposed and
presented by Niazi in [28]. It is capable of validating large-scale MAS by developing ABM be-
fore developing the actual system. It follows the different levels of modeling approaches such as
descriptive or exploratory ABM, model validation, and complex network model. Laghari and Ni-
azi used this framework in [29] for modeling the self-organizing communication network for the
Internet of Things (IoTs).
3. Methodology
In this section, we discuss the approach used in this study regarding development of ABM
under CABC approach for self-organized shape formation. It starts from the understanding of
ABM and development of the simulation model. To provide informal and formal specification of
the model along with the pseudo-code specifications for the proposed shape formation algorithm.
After that, applying of the algorithm on six different shapes to perform simulation-based experi-
ments. At the end, analyze the results obtained from the simulation experiments. Figure 1 shows
method block diagram of our research.
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Figure 1: Method block diagram for our research.
3.1. Model description
We present a model using ABM for self-organization of swarm robots at large-scale for shape
formation task. In this model, agents act as a small programmable mobile robot initially placed
at random locations in NetLogo environment before starting the self-organization process. These
agents have heterogeneous behavior as very few are specially programmed to act as a seed robots.
All other agents have the same behavior to follow the process and achieve collective behavior.
The seed robots remain stationary throughout the organization process while other robots move
randomly inside and outside shape coordinates. There is a deterministic type of environment for
all the agents and predefined information given to all the agents in a swarm, about the shape to be
formed in the coordinate system.
Agents interact with each other as well as with the environment while moving randomly. The
local interaction takes place among neighboring agents. The states of the agents are “stationary”,
“localize”, and “un-localize”, that changes during the motion. Agents while moving enter the de-
sired shape area and approach toward the seeds, or already localized robot to become stationary
and localize. The formation process continues in this way until all the moving agents become
stationary and localize in the desired shape area to form the shape completely.
There are three cases of termination of the formation process. Firstly, if the shape is complete,
i.e. all the agents filled the shape and became stationary and localize. While there are no moving
robots left, the process stops. Secondly, the shape is incomplete if there are few robots to fill the
shape and no more robots present outside the shape area, the process stops again. Lastly, if the
shape is formed completely while some robots still move outside the shape wait to join the forma-
tion process. These robots stop and separate themselves from the self-organization and the process
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stops. The resultant organization is completely distributed which is dependent upon all the agents
as well as is sustainable and robust.
3.1.1. States of formation process
The proposed shape formation algorithm comprises of different states of the robots during the
organization process. Before the process start, the system is in the initial state and robots are in
the idle or stationary state. At the start of the process, all the robots move randomly outside or
inside shape coordinates. Only four seed robots placed inside shape are stationary and localized
throughout the process. A robot with the move-inside state changes its state to stop-in and joins the
shape. Move-outside state changes to the move-inside state, when robot enters in the shape-area
coordinates while moving randomly. The states transitions are shown in figure 2.
Figure 2: State transition diagram for shape formation algorithm.
3.1.2. Evaluation metric
We consider number of parameters along with their values as evaluation metric in our proposed
self-organized shape formation model. The “region” parameter defines the dimension of the en-
vironment world in simulation tool. A “number of robots” parameter is the dynamic user choice
for the six different shapes, the given values are associated with one of the shape respectively.
The communication or sense range is given in “vision-radius” parameter having three values. A
“shapes” parameter consists of all the desired shapes. The “performance evaluation” parameter
has the average convergence rate of robots for the shape formation. A “number of runs” parameter
is for the experiment iterations. Table 2 shows all these parameters along with there values.
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Table 2: Evaluation metrics of proposed approach for the self-organized shape formation.
Parameter Value
Region 32 x 32
No. of robots 1036, 1252, 566, 438, 1382,1040
Vision-radius 1, 2, 3
Shapes Starfish, k-letter, wrench, rectangle, tyre, spinner
Performance measure Average convergence rate
No. of runs 4 (1, 10, 20,30 runs)
3.2. Pseudo-code specification
In this section, we present the pseudo-code for the proposed self-organized shape formation
algorithm along with the detailed descriptions for each of the entity and behavior involved in the
algorithm. We demonstrate the specifications for the agent involve in a process, all the global
variables used, and all the procedures a proposed algorithm comprises of.
3.2.1. Agent design
There is only one agent as “Robot” used in our simulation model. A Robot act as an agent in
a large-scale swarm having characteristics and states, performs various actions in order to model
self-organized shape formation task.
Breed Robot: The robot agent used to represent robots in a swarm
Internal Variables: < seed?, Stationary?, localize?, position-inside? >
seed?: Specialize robots as a reference for all other robot
stationary?: All robots which are stationary
localize?: All robots which are localize
position-inside?: All robots which are inside desired shape area
We first stated the agent used in the model environment to represent the robots in a swarm.
Then we listed four internal variables for robots as “seed?”, “stationary?”, “localize?”, and “position-
inside?”. Seeds are specialized robots which remain stationary and localize throughout the self-
organization process. Robots which are static and not moving have stationary state, while localize
state for robots placed at the correct position and position-inside state means robots which reside
inside desired shape area whether moving or static.
3.2.2. Global variables
In this part, we describe global variable for our simulation. Input global variables are used
during the initialization of the simulation environment through setup procedure.
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Global input:< num-robots, shape-type, vision-radius >
Slider:
num-robots: Select number of robots in swarm
vision-radius: Communication range for robots interaction
Chooser:
Shape-type: Select desire shape for the formation
Three global input variables used in our simulation model. Two variables “num-robots” and
“vision-radius” are used through the slider, which is GUI element of NetLogo. Number of robots
available at the start of the self-organization process are selected by “num-robots”. The “vision-
radius” used for choosing a radius for communication among neighboring robots. The “shape-
type” input variable provided by the chooser, which is also a GUI element for a simulation model
of NetLogo. The “shape-type” has a list of six desired shapes to be formed by robots. The list
includes star, wrench, k-letter, rectangle, tyre, and spinner shape choices.
3.2.3. Procedures
We present all used procedures and their specifications in this section.
1. Setup
Procedure setup: Creating simulation environment
Input: Global variables
Output: Initialize the whole environment
begin
1: Clear all
2: Set-patches
3: Set-shape
4: Set-robots
End
The specification model for setup procedure is presented, which is used to create and ini-
tialize the main environment of the simulation model by considering all global variables. It
clears all the previous states and stuffs present in the environment. After this, “set-patches”,
“set-shape”, and “set-robots” procedures are called which we discuss next.
2. set-patches
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Procedure set-patches: Creates number of patches in an environment world of NetLogo
Input: World size for x and y coordinate
Output: Generates patches with boundary wall
begin
1: for all patches do
2: set color = white
3: if neighboring patches < 8 then
4: set color = black
End
In the set-patches procedure, patches are created in the world as specified in the environment
setting, which is a basic element in NetLogo. The x,y coordinate values is set along with the
patch size for the number of patches. The color of all patches set to white, while black color
for the corner patches to consider them as a closed boundary wall for robots.
3. set-shape
Procedure set-shape: Import selected shape on the patches of the world
Input: List of shapes in the chooser menu “shape-type”
Output: Generates selected shape information to the model
begin
1: if shape-type = “star” then
2: import-star-shape
3: if shape-type = “wrench” then
4: import-wrench-shape
5: if shape-type = “k-letter” then
6: import-k-letter-shape
7: if shape-type = “rectangle” then
8: import-rectangle-shape
9: if shape-type = “tyre” then
10: import-tyre-shape
11: if shape-type = “spinner” then
12: import-spinner-shape
End
In this procedure, the shape is selected by the global variable ‘shape-type”. The selected
shape is imported on the patches and its information is given to all robots.
4. set-robot
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Procedure set-robot: To create and set robots
Input: Number of robots from “num-robots” slider
Output: Generates number of robots at random locations
begin
1: if count robots = 0 then
2: create num-robots
3: if robot-id >= 0 and <= 3 then
4: set shape = “circle”
5: set color = “red”
6: set seed? = true
7: set xy-coordinates near origin
8: set stationary? = true
9: set localize? = true
10: else
11: set shape = “directional-circle”
12: set color = “magenta”
13: set xy-coordinates random
14: set seed? false
15: set stationary? false
16: set localize? false
17: for all robots do
18: if xy coordinate inside shape then
19: set position-inside = true
20: else
21: set position-inside = false
End
In the set-robots procedure, existing number of robots are checked first, then number of
robots selected by the “num-robots” slider are created. First four robots dedicated as seed
robots. The shape for seeds set as “circle”, color as “red” and location near the origin, while
values for internal state variables “seed?”, “stationary?”, “localize?”, and “position-inside?”
as true. For all other robots, the shape is chosen as “directional-circle”, color as “magenta”
and random coordinates as location, while values for internal state variables are set false.
The locations of robots in the environment world are checked to set “position-inside?” value
as true or false.
5. Procedure go
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Procedure go: Main shape-formation algorithm
Input: Number of robots from num-robots slider
Output: Generates shapes by convergence of robots
Execution: Called repeatedly during simulation
begin
1: while stoping condition = true do
2: for all non-stationary robots do
3: if coordinates = outside-shape then
4: set position-inside? = False
5: Move Random
6: if patch at vision-radius = black then
7: Rotate Random 360
8: else
9: Move Random
10: if any moving robot at vision-radius then
11: Rotate Random 360
12: else
13: Move Random
14: else (inside shape coordinates)
15: set position-inside? = True
16: Move Random
17: if any moving robot at vision-radius then
18: Rotate Random 360
19: else
20: Move Random
21: if any empty-patches at neighbors of localize robots then
22: face empty-patches
23: move-towards-location
24: set stationary? = true
25: set localize? = true
End
In this procedure, the main working for the formation process is shown. A number of robots
randomly moving outside or inside shape coordinates in the cartesian coordinate system of
the environment world. The “position-inside” variable is set false outside shape and true for
inside shape coordinates. Non-stationary robots avoid collision with each other in “move-
until-empty-ahead” procedure. While inside shape coordinates, non-stationary robots check
and proceed towards empty neighbor patches of seeds or any stationary and localized non-
seed robot in “move-towards-location” procedure. After reaching to the desired location,
robots set their values for “stationary?” and “localize?” as true. Figure 3 shows the flow of
the shape formation algorithm.
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Figure 3: Flowchart for the proposed shape formation algorithm.
6. boundary-wall
Procedure boundary-wall: Avoiding boundary wall obstacle
Input: Moving robots and their locations
Output: Directions for moving robots
Execution: Repeatedly called by “go” procedure
begin
1: for all non-stationary robots do
2: if outside-shape coordinates then
3: if next patch = black then
4: Rotate Random 360
5: else
6: Move Random
End
In this procedure, all the moving robots outside shape coordinates check next location in
their direction for the boundary wall obstacle. When reach to the boundary, robots return
and divert their direction without hitting the wall obstacle.
7. move-until-empty-ahead
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Procedure move-until-empty-ahead: Avoiding collision between moving robots
Input: Moving robots and their neighbors
Output: Movement and directions of moving robots
Execution: Repeatedly called by “go” procedure
begin
1: for all non-stationary robots do
2: if any moving robot ahead then
3: Rotate Random 360
4: else
5: Move Random
End
All moving robots avoid the collision with other robots by checking any robot ahead in their
direction of motion. If so, robots change their motion direction.
8. move-towards-location
Procedure move-towards-location: Robots choose and move towards candidate location to con-
verge
Input: Moving robots and their locations
Output: Robots stop adjacent to localized robot
Execution: Repeatedly called by “go” procedure
begin
1: for all non-stationary robots do
2: if inside-shape coordinates then
3: if any empty-patches at neighbors of localized then
4: face empty-patches
5: move-towards empty-patches
6: set stationary? = true
7: set localize? = true
End
Inside the desired shape coordinates, moving robots find an empty patch among neighbor
patches of the seeds or other localized robots. They proceed toward that location and set
values for “stationary?” and “localize?” as true.
3.2.4. Behavior experiment
The behavior of the moving robots along with their states is observed in the plots and experi-
ment specification model.
1. Produce plot
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Procedure produce-plot: To plot current values of the simulation model
Input: NA
Output: Generates plot during simulation run
Execution: Generated by “go” procedure
begin
Number of stationary robots
Number of localize robots
Robots with position-inside = true
Number of empty-patches inside shape
End
The “produce-plot” procedure generates plot during the execution of the simulation to mon-
itor the convergence of robots for shapes formation. It monitors a number of robots along
with the state variable values for “stationary”, “localize”, and “position-inside” as true.
2. Experiment
Experiment: Exhibits the convergence behavior of robots regarding six shapes
Input: < num-robots, shape-type >
Setup procedure: < setup >
Go procedure: < shape-formation >
Repetition: 10
Input:
num-robots: 1036, 566, 1352,438,1282, 1040
shape-type: star, wrench, k-letter, rectangle, tyre, spinner
Report:
stationary: Number of stationary robots
localize: Number of localized robots
empty-patches: Number of empty-patches
Stop condition: Self-organization process stops, when all robots become stationary and localize
to form the desired shape completely.
A simulation experiment used in our model for the six shapes convergence analysis by varying
number of robots. The average convergence rate calculated for the ten repetitions along with the
shape completeness in term of localize, unlocalize robots, and empty-patches in the formed shape.
3.3. Formal specification
The formal specification is a technique used for modeling different types of systems mathe-
matically. A system developer can comment about the completeness of the model for all aspects
needed in specific abstraction level. The one significant feature of formal specification is that
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through modeling, it can effectively represent the real-world scenarios at various abstract levels.
A formal specification language is known as “Z” developed by Oxford University in 1970. It can
easily be converted into executable program code [30]. A specification using “Z” comprises of
sets and predicates from the mathematical notation [31]. This specification language is being used
for modeling large-scale real-world complex systems. It is also used to relate the agent logic in
MAS [32].
3.3.1. A Formal specification for self-organized shape formation
We present the formal descriptions of our self-organized shape formation model using z-
language for formal specification. The purpose of this is to validate all the informal requirements
of the system by using formal specification. In this study, robot and shape are two entities involved
in the formation process. We use “sets” along with operation or state “schemas”, for declaring
user-defined entities such as robot and shape regarding shape formation task. The states of the
robot and shape are shown in figure 4.
(a) (b)
Figure 4: The States for the robot and shapes (a) Robot states comprises of “Stationary”, “UnLocalize”, “Localize”,
(b) Shape states comprises of “Empty”, “Partial-Fill”, “Complete-Fill” .
1. Sets and schemas
A “ROBOT” is a set of all the robots in a swarm for the shape formation.
[ROBOT]
We defined the “max-xcor” and “min-xcor” coordinate values for x coordinate as 35 and -35
respectively and similarly for the other two coordinates y and z. While “maxRobot” is user
defined global input variable for defining maximum number of robots in a swarm.
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maxRobot : N
xcor, ycor, zcor : Z
maxRobot ≥ 0
min-xcor =-32
max-xcor =-32
min-ycor =-32
max-ycor =-32
min-zcor =-32
max-zcor =-32
We use a free type definition for the two types of robots in a swarm i.e. seed and non-Seed.
A formal definition for “RobotType” is:
RobotType ::= seed | nonSeed
Robot schema defines a robot placed randomly having x,y,z coordinates in the cartesian
coordinate system bounded between “min” and “max” values for coordinate parameters. A
variable of the type “RobotType” introduced in this schema to define a robot as seed or
non-seed.
Robot
type : RobotType
x, y, z : Z
x ≥ min-xcor
x ≤ max-xcor
y ≥ min-ycor
y ≤ max-ycor
z ≥ min-zcor
z ≤ max-zcor
We use free type definition for states of the desired shape to be formed. Elements for this
free type are “empty”, “partial”, and “complete” for the empty shape, partially formed shape,
and completely formed shape respectively.
ShapeState ::= empty | partial | complete
The schema describes the shape to be formed in coordinate system and shape dimension
variable value obtained from the product of coordinates value of the shape. We define a
variable “sState” of the type “ShapeState” who’s value can be “empty”, “partial”, and “com-
plete”.
All robots in a swarm carry characteristics like shape, color, state and position. The values
for these features vary among robot, so we define the finite sets of robots as “stationary”,
“unLocalize” and “localize” for the states of robot.
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Shape
p, q : Z
shapeDimention : N
sState : ShapeState
stationary : FROBOT
unLocalize : FROBOT
localize : FROBOT
p ≥ min-xcor
p ≤ max-xcor
q ≥ min-ycor
q ≤ max-ycor
shapeDimention = p ∗ q
localize ≤ maxRobot
localize ≤ shapeDimension
At the start of the formation process, shape is in empty state. That is, still no robot has
converged and joined the shape while “localize” set is still a null set.
InitShape
Shape
localize = ∅
sState = empty
When process starts, all the non-seed robots in a swarm start moving randomly and change
their state from “stationary” to “unLocalize”. Robots are added into the finite set of “un-
Localize” and eliminated from “stationary” set as shown in the schema “StartMove” given
below.
StartMove
∆Shape
Robot
robot? : ROBOT
robot? ∈ stationary
type = nonSeed
robot? < unLocalize
unLocalize′ = unLocalize ∪ {robot?}
stationary′ = stationary \ {robot?}
Robots moving randomly enter and joins the shape upon reaching next to one of the localized
seed robot near origin or other localized non-seed robot inside the shape. A robot belongs
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to “unLocalize” set, becomes localize and added to “localize” set as well as removed from
“unLocalize” robot set. The state of the shape changes from “empty” to “partial”.
JoinShape
∆Shape
robot? : ROBOT
#localize < shapeDimension
robot? ∈ unLocalize
robot? < localize
localize′ = localize ∪ {robot?}
unLocalize′ = unLocalize \ {robot?}
sState′ = partial
While formation process continues for the shape, procedure given in “JoinShape” schema is
repeated. When shape is completely formed by a number of localized robots, the “sState”
variable changes its value from “partial” to “complete”.
ShapeFormation
∆Shape
robot? : ROBOT
#localize < shapeDimension
sState = partial
robot? < localize
localize′ : localize ∪ {robot?}
unLocalize′ : unLocalize \ {robot?}
#localize′ = shapeDimension
sState′ = completed
We consider both perspectives for working of the “JoinShape”, as successful and error out-
come of the schema. The success outcome involves robots entering and joining the shape
formation while for the error outcome, there will be two reasons for that. The shape is al-
ready formed so that no further robot can join the shape for formation. Secondly, if a total
number of the robot is less than shape dimension value i.e. all robots belong to “localize”
set and shape is not completely formed. This scenario is presented in the table 3
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Table 3: Free type definition table for “JoinShape” schema
Schema Pre-condition for success Condition for error
JoinShape
# localize < shapeDimension
robot? < localize
Shape is alreadyfilled:
# localize = ShapeDimension
robot? < localize
Shape is incomplete:
maxRobot < ShapeDimension
robot? ∈ localize
We define a free type definition “REPORT” for success and error outcome for the shape
formation process. The elements of this free type are “success”, “alreadyComplete”, and
“incomplete”.
REPORT ::= success | alreadyComplete | incomplete
2. Schemas for Success and Error
A robot joins the shape for the formation successfully in the “JoinShape” schema. The
report variable gives “success” as output value.
Success
report! : REPORT
report! = success
The shape is completed if the number of localized robots inside the desired shape is equal
to the shape’s dimension value. The report variable gives “alreadyComplete” as outpu
AlreadyComplete
ΞShape
report! : REPORT
sState = complete
#localize = shapeDimension
report! = alreadyComplete
The shape is partially formed, if a number of localized robots is less than the shape’s dimen-
sion value. The report output variable gives “incomplete” as value.
Incomplete
ΞShape
report! : REPORT
sState = partial
#localize < shapeDimension
report! = incomplete
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3. Schema calculus
We combine success outcome of “JoinShape”schema for the shape formation process by
using conjunction along with error outcome by using disjunction.
(JoinShape ∧ success) ∨ alreadyComplete ∨ incomplete
4. Results and Discussion
This study focused on self-organization of robots in a swarm at a large-scale by developing
a simulation model using ABM under CABC for six different shapes. We performed a number
of simulation experiments to analyze robots convergence. The proposed algorithm is capable to
form complex symmetries and diverse shapes including hole-based shapes. The self-organization
process is robust without depending on the size of swarm i.e. group of robots, as remaining extra
moving robots separate themselves from the process. While the selection and localization of seeds
is based on the robot id among a variable number of robots. A randomness in motion and initial
locations is used in our approach. The obstacle-avoidance mechanism used in term of closed
boundary walls as well as collision-avoidance among randomly moving robots also addressed.
We analyzed average convergence time for the completely formed shapes by the fixed number of
robots by performing (n=10) simulation experiments along with 95% confidence interval. The
behavior analysis of our proposed approach shows that the average time convergence by the large
group size robots is less than that for small group size robots.
4.1. Environment overview
We used NetLogo as the simulation environment for our self-organized shape formation model.
NetLogo is a tool used for the ABM at an extensive level by the number of researchers across the
multiple domains [33]. It is based on the programming language “Logo” used for the environment
refers to “World” in the graphical interface of the tool. Agents exist in the world named as a
“Turtles”, which carry various characteristics and capabilities for performing a large number of
actions. The state and behavior of agent changes against these actions performed in the world
environment. Figure 6 shows the interface design of the NetLogo for our ABM based model.
4.2. Self-organized shape formation
We developed a simulation model for the formation of six shapes. These shapes include “star”,
“wrench”, “k-letter”, “rectangle”, “tyre”, and “spinner-shape”. All final shapes formed by the
self-organization of swarm robots in our simulation model by applying proposed shape formation
algorithm developed in Netlogo are shown in figure 7.
4.3. Experiment results
In this section, we discuss the simulation-based experiment’s results obtained by applying pro-
posed self-organized shape formation algorithm. The results include number of robots a final
desired shape comprises, the average time taken to complete the formation of desired shape af-
ter running n=10 experiment for the number of robots, and the dimensions of the desired shape
formed as shown in the table 5. The convergence rate i.e. the total number of robots involved in
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the formation process for the desired shape in a unit time along with the 95% confidence interval
for convergence time are shown in the figure 8.
Next we describe the simulation results for all six shapes individually. We analyzed the be-
havior during simulation experiments by varying the number of robots and averaging their conver-
gence time for the shape formation along with 95% confidence interval value. A completeness of
the shapes in term of a total number of localized, unlocalized robots, and empty spaces or patches
within the formed shape is also being evaluated. In addition, we observed convergence variations
among five different robots group size values for the specific shape at the completion of the simu-
lation. While at the end of this section, we also discuss the previously achieved results present in
the study [7].
4.3.1. Star shape
By applying the proposed algorithm for a number of robots in our simulation model, robots
converge to form a predefined “star” shape as imported into the model and shape information
given to all agents at the start of the simulation process. We considered number of robots in five
groups as (1025, 1030, 1035, 1040, and 1045) for the formation algorithm and run a simulation
experiment n=10 times for each group. Average convergence times measured for these groups
of robots along with 95% confidence interval. We analyzed that group of 1036 robots able to
form a complete “star” shape by running n=10 simulation experiments. Robots showed average
convergence time of 861.8 iterations and 95% confidence interval ranges from 599.1 to 1124.49
iterations as shown in figure 9.
4.3.2. Wrench shape
The shape information given to the algorithm after the imported image of the “wrench” to
the world environment of simulation. Algorithm applied to five groups of robots (500, 525, 550,
575, and 600) by running simulation experiments for n=10 times for every group. We calculated
average convergence time for these groups of robots along with 95% confidence interval as well as
completeness of “wrench” by these groups of robots. We observed that 566 robots made complete
“wrench” shape with average convergence time of 984.4 iterations and 95% confidence interval
ranges from 804.48 to 1164.31 iterations as shown in figure 10.
4.3.3. K-letter shape
The proposed shape formation algorithm applied to the five groups (1300, 1325, 1350, 1375,
and 1400) of robots for the formation of a “k-letter” shape. The simulation experiments executed
n=10 times for these groups to calculate average convergence time with 95% confidence interval
and shape completeness status. Figure 11 shows these results, where the complete shape achieved
by 1352 robots group at average convergence time of 628.2 and 481.11 to 775.28 iterations for
95% confidence interval.
4.3.4. Rectangle shape
We performed n=10 simulation experiments upon five groups (400, 425, 450, 475, and 500)
of robots for the formation of “rectangle” shape by using proposed shape formation algorithm.
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We measured average convergence time with a confidence interval of 95% and completeness of
the shape for all the groups. It can be observed from the figure 12, that the “rectangle” shape
completely formed by the 438 robots with average convergence time of 1479.8 iterations along
with the 95% confidence interval of 1253.58 to 1706.01 iterations.
4.3.5. Tyre shape
The five groups (1200, 1225, 1250, 1275, and 1300) of robots involved in n=10 simulation-
based experiments for the “tyre” shape formation using proposed algorithm. At the completion
of experiments, we observed the average convergence time with 95% confidence interval and
completeness of the formed shape. The robot swarm of size 1282 formed the desired shape at
average convergence time of 586.7 iterations with 95% confidence interval value as 431.93 to
741.46 as shown in figure 13.
4.3.6. Spinner shape
We applied our proposed shape formation algorithm upon desired “spinner” shape selected by
the shape-type parameter for the five groups (1000, 1025, 1050, 1075, and 1100) of robots. The
results achieved through n=10 number of simulation-based experiments demonstrated the average
convergence times with the 95% confidence interval and completeness of the desired “spinner”
shape. From figure 14, it is observed that the group of 1040 robots formed a complete shape with
average convergence time 802.5 iterations with 457.41 to 1147.58 confidence interval of 95%.
Now we discuss the results previously achieved by the Rubenstein et al. in [7] by performing
thirteen-experiments using thousand programmable robots swarm in order to make four prede-
fined shapes by the self-assembly of robots. First three experiments were for “k-letter”, “star”,
and “wrench” shapes while remaining ten experiments were for a “rectangle” shape. The results
described in term of a number of robots involved in self-assembly process for the specific shape,
time for shapes completion, and dimensions of the final shapes as shown in the table 4. The shape
completion time measured for the “star” shape is 11.66 hours by 946 robots, the “k-letter” con-
sumes 11.71 hours for 1018 robots, “wrench” formed in 5.95 hours by 533 robots, and the average
time for “rectangle” shape formation is 1.7 hours by using average 103.8 robots. We illustrate
these results explicitly in the figure 5.
4.4. Previous studies
Chen and Crilly suggested a cross-domain framework to relate applications of complex de-
signs [34]. The author presented a comparative analysis based on the derived parameters from
the three aspects which are characterization, purpose, and realization of complex systems design.
The analysis depicts that the framework is capable of studying and designing complex systems
across different domains. However, framework did not cover all the aspects of designing complex
systems but can be used as a flexible and extendable framework by further partitioning the major
aspects of complex system design.
An algorithm called “potential field control” presented by Qin et al. in [35], based on an ex-
ponential functions in the form of bounded artificial forces for formation control in swarm robotic
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systems. The simulation results showed the algorithm robust in term of swarm intelligence behav-
ior in the real-world scenarios like local minima, avoiding obstacles and deformation of design.
The proposed system more likely to generate local minima and less adaptive to the environment
for the formation, based on the multi-robots.
Meng et al. in [36], used gene regulatory network (GRN) in morphogenetic approach for ad-
dressing complex shapes formation. The results demonstrated the robustness and effectiveness of
the proposed approach in a decentralized environment for swarm robots in order to make the com-
plex shapes. The proposed system is dependent on the size of the swarm and localization scheme
is not much efficient for the global coordinate system.
The shape formation system using potential function based scheme, which controlled the for-
mation of multiple shapes by addressing the issues of the collision, distance sensing and local
minima presented by Jung and Kim in [37]. The proposed system is scalable for the size of the
swarm and showed the effectiveness of the scheme for the formation of shapes like diamond, ellip-
tical and heart by using agents in a swarm. The system showed stability, which analyzed by using
“lyapunov” approach. While system lacks the dynamic behavior for the stochastic or obstacle-
based environment, so system is unable to relate the real world scenario.
An agent-based self-organized algorithm proposed by Niazi in [38], for the modeling of emer-
gent and dynamic snake-like structure. The achieved results showed the resilience behavior of the
proposed approach, using agent-based modeling for the self-organization. The proposed algorithm
lacks the decentralized environment where multiple factors may affect the agent.
MAS model based on the topology of mixed coupling proposed by Chen and Chu in [39], for
the self-organized specific pattern or geometric shapes formation. The result showed the formation
convergence for symmetric coupling as uniform behavior and complex for other. While using this,
the control for coordination design can be achieved. However, the system is scalable only for a
limited number of agents for the proposed approach to be effective in a multi-agent system model,
which made it less adaptive.
In [40], Cheah et al. proposed control method by using “lyapunov” like function to analyze
the convergence of robots with dynamic group and positions of robots in a region. The simulation
experiment showed the analysis for the convergence of robots in the multi-robot system for shape
formation controller. The proposed method lacks environment adaptability and considered only
the obstacle-free environment.
An artificial GRN based framework presented by Guo et al. in [41] for the self-organized pat-
tern generation and covering boundaries in the multi-robot system. For analyzing the effectiveness
of the proposed framework, various case studies were taken and results showed the adaptive be-
havior in term of group size and decentralized nature of the self-organized algorithm. However,
the current scheme is based on an assumption about the robots accurate localization in the coordi-
nate system, which needs to be improve in term of efficient localization scheme.
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In [42], Arvin et al. in their work implemented aggregation of honeybee based on the vari-
ous parameter values as well as proposed two variations of honeybee aggregation called “waiting
time” and “dynamic velocity”. The experiments observed variation in collective behavior of swarm
robotic systems against other algorithms. The results also showed the efficiency of the proposed
variation of honey bee aggregation in term of aggregation time. The proposed system ignored
local communication among homogeneous robots.
In [43], Ekanayake and Pathirana presented a scalable control algorithm for robots in a swarm
by using artificial forces in order to form predefined 2D shapes. The simulation results illustrated
the robustness of an algorithm. The performance analyzed by considering the issues in real appli-
cations, like communication distance and localization. However, the proposed architecture lacked
the heterogeneity among swarm robots, ignored the obstacle-based environment and not scalable
for making contours that are more complex.
Zhang and Pathirana in [44], proposed a solution to the formation control issue regarding a
group of mobile robots for making random geometric patterns. A presented algorithm based on
the optimization technique is distributed and focused on the desired geometric pattern for robot
current arrangement. The strategy for movement assured continuous motion until the formation of
desired geometric pattern. The system achieved the process of optimization which depends upon
the perfect positioning for the desired pattern with respect to the current configuration of robots
and communication that best suited for robots in the group. While system lacks the local interac-
tion among robots and for a small set of robots, it optimizes independently.
The positioning algorithms are inspired by the systems having the model matching capability
while traditional model matching systems are not much distributed. An algorithm presented by
Seckin et al. in [45], designed to work in a distributed manner comprises of two stages, offline and
online. Data collection and computation of the positions is completed in the offline stage, while
transfer and communication of data in another stage. The results illustrated that the positions of
the robots are based on their features given in the input image. The comparison made in the study
is based only on the optimality for the various feature-matching algorithms.
The self-assembly based shape formation for swarm robotic system presented by Rubenstein
et al. in [7]. An experiment carried out for the formation of shapes like “starfish”, “wrench”,
“K-letter”, and “rectangle” by applying collective behavior algorithm. However, at the start of the
self-assembly process, robots are placed in aggregated form with fix locations and no random lo-
calization. Movement for robots is in sequential edge following manner without random motion.
Self-assembly process depends on swarm size for formation, therefore no scalability for swarm
size. The system limited only to solid shapes with no holes, this unable to form a complex sym-
metries. Furthermore, it also ignored the decentralized environment.
The self-organization in the swarm robotic system presented by Copenhagen et al. in [9] for
sorting limits of the heterogeneous robots using multi-agents, made clusters based on the align-
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ments of agents. There is an aggregation and segregation of agents in a swarm to make clusters.
The proposed system has swarm size limitation, as well as clusters, comprise of both aligned and
non-aligned agents instead of having separate clusters of each agent group in a two-dimensional
space. The system also lacks the ABM approach for self-organized sorting of swarm robots.
We performed comparative analysis by reviewing literature discussed in this section, on the
bases of the techniques used along with with the challenges faced or constraints in the swarm
robotic systems for the self-organized formation task. The findings and comparisons of the previ-
ous work expressed in tabular form given in the table 6.
5. Conclusion
In this paper, we presented simulation model using ABM for the self-organized shape forma-
tion task in swarm robotic system. We also illustrated the formal descriptions for our model to
validate all the informal requirements of the system. In this context, we proposed a self-organized
shape formation algorithm, having no centralized controller instead rely on the individual actions
and behaviors of agents for making flexible shapes. We performed number of simulation-based ex-
periments for six different shapes and observed the convergence of agents for making these shapes.
Simulation results showed the effectiveness of the proposed approach in term of agents adaptive
behavior in the large-scale swarm for a decentralized environment, by successfully achieving the
formation of six diverse shapes including hole-based shape. The behavior analysis for our pro-
posed approach demonstrated that for a larger number of robots, the average time convergence is
less than that for smaller swarm size in self-organization process of shape formation. In Addition
to the future work, we intend to build the same scenario of self-organized flexible shapes formation
in three-dimensional space with more adaptability feature in swarm robots.
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Table 4: Results achieved by Rubenstein et al. in [7].
Desire shape Robots atstart
Robots in
final shape
Completion time
(hrs)
Shape dimension
(m)
K(E1) 1024 1018 11.71 1.39 x 1.34
Starfish(E2) 1024 946 11.66 1.47 x 1.47
Wrench(E3) 543 533 5.95 1.60 x 0.63
Rectangle(E4) 116 104 1.18 0.35 x 0.61
Rectangle(E5) 116 104 1.10 0.35 x 0.61
Rectangle(E6) 116 103 1.11 0.35 x 0.61
Rectangle(E7) 116 104 1.15 0.35 x 0.61
Rectangle(E8) 116 105 1.25 0.35 x 0.61
Rectangle(E9) 116 104 1.15 0.35 x 0.61
Rectangle(E10) 116 100 1.06 0.35 x 0.61
Rectangle(E11) 116 106 1.11 0.35 x 0.61
Rectangle(E12) 116 104 1.10 0.35 x 0.61
Rectangle(E13) 116 104 1.16 0.35 x 0.61
Table 5: Experiments summary for proposed shape formation algorithm for all desired shapes.
Shape Dimensions No. of robots Avg. time(sec)
Confidence
interval (95%)
Star 464 x 438 1036 861.8 599.1 — 1124.49
K-letter 446 x 462 1352 628.2 481.11 — 775.28
Wrench 466 x 430 566 984.4 804.48 — 1164.31
Rectangle 409 x 352 438 1479.8 1253.58 — 1706.01
Tyre 472 x 413 1282 586.7 431.93 — 741.46
Spinner 458 x 427 1040 802.5 457.41 — 1147.58
Table 6: Comparative analysis of previous studies.
Ref. Technique Real exp. ABM Swarmlimit
Dynamic
localization
Random
motion
Complex
shapes
Obstacle-
avoidance
Heterogeneous
swarm
[35] Potential-field control algorithm 7 7 7 3 3 7 3 7
[36] GRN based morphogenetic approach 3 7 3 7 3 3 3 7
[37] Potential function with lyapunov approach 7 7 7 3 3 7 7 7
[38] Self-organization algorithm 7 3 7 3 3 3 7 7
[39] Mix coupling topology 7 7 3 3 3 3 3 3
[40] Lyapunov function 7 7 7 3 3 7 7 7
[41] GRN based morphogenetic approach 7 7 7 7 3 7 3 7
[42] Honey-bee aggregation 3 7 3 3 3 7 3 7
[43] Control algorithm 7 7 3 3 3 7 7 7
[44] Optimization based formation algorithm 7 7 3 3 3 7 7 7
[45] Positioning algorithm 7 7 3 7 7 7 7 7
[7] Self-assembly algorithm 3 7 3 7 7 7 7 3
[9] Self-organized sorting 7 7 3 3 3 7 3 3
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(a) (b)
Figure 5: Replicated results for the data given in table 4 obtained from study by Rubenstein et al.
Figure 6: A screen shot of the interface design for self-organized shape formation model in Netlogo.
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(a) (b)
(c) (d)
(e) (f)
Figure 7: Desired six shapes formed by applying proposed shape formation algorithm in our simulation model.
28
(a) (b)
Figure 8: Experiment results for all six shape showing convergence time for number of robots along with 95%
confidence interval.
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(a) (b)
(c) (d)
Figure 9: Experiment results for the “star” shape, show the time convergence and shape completeness for five different
robot groups.
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(a) (b)
(c) (d)
Figure 10: Experiment results for the “wrench” shape, show the time convergence and shape completeness for five
different robot groups.
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(a) (b)
(c) (d)
Figure 11: Experiment results for the “k-letter” shape, show the time convergence and shape completeness for five
different robot groups.
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(a) (b)
(c) (d)
Figure 12: Experiment results for the “rectangle” shape, show the time convergence and shape completeness for five
different robot groups.
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(a) (b)
(c) (d)
Figure 13: Experiment results for the “tyre” shape, show the time convergence and shape completeness for five
different robot groups.
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(a) (b)
(c) (d)
Figure 14: Experiment results for the “spinner” shape, show the time convergence and shape completeness for five
different robot groups.
35
Ref. : Caption
Fig 5: a) It represents the dimension or area in meters for the final formed shapes, b) The shape
completion time measured in hours, shown for each of the thirteen experiments, c) A
number of robots initially involved and a final number of robots after shape completion.
Fig 6: It shows the design interface for our agent-based model for the self-organized shape for-
mation. The image shows the GUI of an environment world, where agents (purple col-
ored) as robots placed at random locations while seed robots (red colored) placed near
the origin at center of the world. There are sliders for controlling a number of robots and
vision-radius for communication among neighbors. A chooser for selecting the desired
shape, buttons for initializing and running simulation. The monitors are for monitoring
the states of robots and plot for the robot convergence rate, which changes during simu-
lation.
Fig 7: Final formed shapes by swarm robots: (a) A complete “star” shape formed by 1036 robots
including four seed robots in our simulation model, (b) A final “wrench” shape formed
through simulation in our model for self-organized shape formation by the convergence
of 566 robots initially placed and move randomly in the world, (c) A complete “k-letter”
shape formed by 1352 robots including four seed robots in our simulation model, (d)
A “rectangle” shape formed through simulation in our model for self-organized shape
formed by the convergence of 438 robots, (e) A “tyre” shape formed through simulation
in our model for self-organized shape formation by the convergence of 1282 robots ini-
tially placed and move randomly in the world, (f) A final “spinner” shape formed through
simulation in our model for self-organized shape formation by the convergence of 1040
robots.
Fig 8: The experiment results for all the desired shapes: (a) It shows the convergence rate for all
six desired shapes, i.e. the total number of robots involved in forming the desired shapes
with respect to the time taken for the formation, (b) It represents the convergence time
with 95% confidence interval for all six shapes.
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Ref. : Caption
Fig 9: The simulation results for the “star” shape formation achieved by performing a number
of experiments as n=10 for five (1025, 1030, 1035, 1040, and 1045) groups of robots
and averaging their results: (a) The average convergence time for a different number
of robots ranges from 125.7 to 739.7 iterations, shows less time for large robot group
size as compare to small group size, (b) It shows the 95% of the confidence interval for
convergence time for the above-mentioned groups as 105.96 to 1044.26 iterations, (c)
The shape completeness shows the average number of localized and stationary robots as
1025 to 1036 robots with the remaining unlocalized robots 0 to 8.9 and empty spaces
or patches within the shape range from 0 to 11 for all groups respectively. It showed
that the group size of 1036 robots completely formed the desired “star” shape without
leaving any empty patches within the shape and unlocalized extra robots. Below this
group size, there will be empty spaces and shape will be incomplete while above this
group size, there are unlocalize robots still remaining and waiting to become localize and
stationary. Thus, they separate themselves from the self-organization process, (d) In this
graph, convergence behavior variations are shown for the “star” shape.
Fig 10: The “wrench” shape formation achieved by performing n=10 simulation experiments for
five (500, 525, 550, 575, and 600) groups of robots and averaging their results: (a) The
average convergence time for a different number of robots ranges from 42.3 to 1137.7 it-
erations, shows less time for the large robots group than small group size, (b) It shows the
convergence time for the above-mentioned groups of robots with 95% of the confidence
interval as 38.81 to 1443.49 iterations, (c) The “wrench” shape completeness measures
as the average number of localized and stationary robots which are 500 to 566 with the
remaining unlocalized are 0 to 33.4 and empty patches within the shape are 0 to 66 for
each of the robot group size respectively. The group size of 566 robots completely formed
the desired “wrench” shape without leaving any empty patches within the shape and un-
localize extra robots. Below this group, the shape will be incomplete and above this size,
there will more unlocalize robots outside the shape, (d) The variations in convergence in
“wrench” shape comprises average time convergence, shape completeness for each of the
robots group sizes.
Fig 11: The simulation results for the “k-letter” formation by performing n=10 for five (1300,
1325, 1350, 1375, and 1400) groups of robots: (a) The average convergence time lies
between 14.6 to 702.7 iterations for all groups, (b) 95% of the confidence interval 14.1 to
872.34 of convergence time for all groups, (c) The completeness shows the average num-
ber of localized and stationary robots ranges from 1300 to 1352 and 0 to 46.4 remaining
unlocalize robots. The empty-patches within the shape are 0 to 52 for all groups. The
group of 1352 robots completely formed a “k-letter” shape without leaving any empty-
patches and unlocalize extra robots, (d) The convergence variations for the desired “k-
letter” shape are shown for each of robots group.
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Ref. : Caption
Fig 12: The results of (n=10) simulation experiments for “rectangle” shape formation by five
(400, 425, 450, 475, and 500) groups of robots: (a) The value lie between 31.2 to 2095.6
iterations for the average convergence time of all five groups, it shows less time for the
large robots group than small group size, (a) The 95% confidence interval value as 29.39
to 2589.03 for the convergence times of all groups, (c) The completeness of the “rectan-
gle” shape depicts average number of localized robots as 400 to 438, unlocalize robots 0
to 60.8, and 0 to 38 empty-patches for all groups. It observed that the group of 438 robots
completely formed “rectangle” shape without leaving any empty-patches and unlocalize
robots. While below this group, the incomplete shape formed and unlocalize robots re-
mained above this group size, so they separated themselves from the formation process,
(d) The convergence variations are shown as average time convergence and shape com-
pleteness for each group of robots.
Fig 13: The five groups (1200, 1225, 1250, 1275, and 1300)of robots used in simulation exper-
iment for the “tyre” shape and the obtained results are averaged : (a) The convergence
time for a different number of robots lie between 47.2 to 710.5 iterations, (b) It shows
the convergence time with 95% confidence interval as 41.82 to 1065.37 for all groups, (c)
The shape completeness shows the average number of localized and stationary as 1200
to 1282 robots while remaining unlocalize are 0 to 17.8 robots with 0 to 82 value for the
number of empty-spaces within the shape. A group of 1282 robots completely formed the
desired “tyre” shape without leaving any empty patches within the shape, (d) The average
time convergence and shape completeness for each group of robots is shown together as
a variation in convergence .
Fig 14: The simulation results for the “spinner” shape formation by performing n=10 experiments
for five groups (1000, 1025, 1050, 1075, and 1100) of robots: (a). The average conver-
gence time is between 16.1 to 881.2 iterations, it showed less time for the large group than
small number of robots, (b) The convergence time with 95% confidence interval of 15.57
to 1253.37 for number of robots, (c) The shape completeness depicts the average number
of localized and stationary robots as 1000 to 1042.8 with remaining unlocalize robots as
0 to 57.2 along with 0 to 40 empty-patches within the shape for all groups. The group
of 1040 robots completely formed “spinner” shape without leaving any empty patches
and unlocalize robots. While less than this formed the incomplete shape and above this
group size, there were unlocalize robots left, (d) Convergence variations of the “spinner”
showing average time convergence and shape completeness for each of robots group.
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